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Abstract
In this thesis we examine the link between idiosyncratic risk and liquidity
on a sample of European equity covering the last 15 years and consisting of
monthly retuns on 120 stocks. This thesis builds heavily upon an article by
Speigel and Wang (2005), which demonstrates the relationship between risk
and various liquidity measures on the US market. In this study idiosyncratic
risk is indirectly estimated and extracted by running OLS regressions on a Fama
French Three Factor Model, and once more directly by a EGARCH(1,1) model.
The liquidity measures are obtained from a working paper by Lubeck and Sarr
(2002). Liquidity in equity is approximated by the variables; Turnover rate, the
Amivest ratio and its reciprocal the Amihud ratio. We conclude our research by
constructing dynamic portfolios based on the variables risk, liquidity and size
which are sorted by quintiles in order to control for the variables corresponding
effect on returns.
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1 INTRODUCTION
1 Introduction
Historically financial research regarding liquidity and volatility originate in the areas
of market microstructure and asset pricing (Speigel and Wang 2005). Even though it
has been revealed that risk and liquidity are actually connected both in theory and
practice, not until recently have there been many attempts to link these two asset
specific characteristics.
High liquidity in assets is generally considered as a positive attribute and so less
liquid assets are not as desirable. Liquidity however is quite complex and therefore
also difficult to define. We find one the earliest definitions as “the security´s ability
to be bought or sold without this affecting its price (Rubinstein 1973). Since then
there have been numerous studies which define and measure liquidity in different
ways. Regardless, an exact definition is still in debate and since liquidity is indeed
intangible true liquidity is therefore not observable. Research in this area has, because
of this, instead focused on measures and proxies which are meant to approximate this
attribute.
Pioneers in the field of liquidity, Amihud and Mendelson (1986) discover that asset
returns are higher with decreasing liquidity and they show that expected asset return
is an increasing and concave function of illiquidity measured in relation to a quoted
bid-ask spread. From this one might conclude that liquidity is priced either cross
sectionally, over time, or both and that time varying liquidity tends to influence the
cross section of stock returns. For example Stoll and Whaley (1983) and Schultz
(1983) discover the small firm effect market anomaly, finding that smaller firms tend
to be less liquid. Both studies where conducted on the US market and concluded that
small firms, on average, offer a higher excess return.
Idiosyncratic risk research based on stock returns on the other hand is older and less
problematic than that of liquidity. Lintner (1965), Douglas (1968) and more recently
Xu and Malkiel (2002), Fu (2005) and Armstrong et al. (2013) find that idiosyncratic
risk explains a significant portion in the cross section dimension of stock returns. In
their work, Spiegel and Subrahmanyam (1995) developed a theoretical model on the
premise that liquidity should be negatively correlated to idiosyncratic risk. According
to this model illiquidity is an undesirable property in assets which should therefore be
priced in on the market. Unfortunately there was no empirical research conducted at
the time to support this theory.
Later the research of Spiegel and Wang (2005) find strong support of the idea
that liquidity and idiosyncratic risk are closely linked asset characteristics and that
equity associated with higher idiosyncratic risk tends to be less liquid. Their paper
also showed that each variable individually and simultaneously has some explanatory
power to cross sectional stock returns. A few years later Han et al. (2011) analyze
idiosyncratic risk on developed and emerging markets and find that the pricing ability
of risk is critically dependent on the bid–ask spread as a measure of liquidity. They
also find that liquidity plays a greater role during more unstable economic periods.
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1.1 Problem Discussion
Understanding the interaction between liquidity, idiosyncratic risk and expected re-
turns on European markets in the beginning of the 21st century is an interesting topic
in modern empirical finance. The years immediately following the new millennium
up until present day are characterized by both bearish and bullish markets and en-
compasses periods of highly unstable economic conditions. This economic instability
is caused by events as the Dot Com bubble and the US subprime crisis which con-
squently resulted in the global financial crisis . The European sovereign debt crisis
then originated as an ongoing aftershock of the financial crisis and consequently some
European countries are still struggling to refinance their debts. A working paper of the
European Central Bank (ECB) shows that the European equity market is still some-
how affected by the ongoing financial and sovereign debt crisis. In fact, the actual
returns on European equities are on average 48.82% lower than the fitted returns firm
the contagion model which represents returns in the absence of the crisis from 2009 to
2011 (Bekaert et al. 2011).The period surrounding the financial crisis resulted in the
declining willingness of market participants to trade financial assets and a dramatic
worldwide decrease in the value of financial assets followed.
1.1.1 Theoretical
The fundamental source of risk in general equilibrium asset pricing models is de-
termined by the covariance of risky asset returns with a set of state variables. The
relationship between risk and return is represented by the classical capital asset pricing
model (CAPM). The well diversified market portfolio then presumably incorporates
all sources of risk. Cross sectional returns in the CAPM world are subject to their
covariance with the market portfolio (Danthine, 2007).
Empirical tests of the theoretical CAPM show that expectations of a risk averse
investor depend on factors besides the covariance of asset return with the market-
portfolio, factors which could further contribute to the explanatory power of CAPM
(Fama and French, 1993). Besides idiosyncratic risk, research in asset pricing and
market microstructure has been directed towards various forms of liquidity as an
assets-specific characteristic. Merton (1987) and O’Hara (2003) show that liquidity
should be priced in the market while Heaton and Lucas (1996) and Vayanos (1998)
claim that liquidity is classified as unsystematic risk and should therefore not be
priced.
However empirical research on stock liquidity accounts for mixed results. Brennan
et al. (1998) discover a negative correlation between dollar volume and excess returns
by applying multiple regressions. Acharya and Pedersen (2005) show similar results
when applying a liquidity-adjusted CAPM and find that less liquid assets require
higher expected returns. Hagströmer, Hansson and Nilsson (2011) also apply the
liquidity adjusted CAPM by Acharya and Pedersen (2005) and also find that illiquidity
as a premium is time varying.
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Miguel et al. (2005) construct a market wide liquidity measure as the difference
between high bid-ask sensitive and low bid-ask sensitive stocks. However they did
not find any significance on constructed liquidity factors in their research conducted
on Spanish stock market data. In conclusion there are several theoretical problems
one should consider. However the somewhat mixed result could be explained to some
degree by the difference in quantitative approaches of measuring liquidity and idiosyn-
cratic risk.
1.1.2 Practical
The actual performance of a trader depends, among other things, on execution costs
such as liquidity and slippage costs due to high stock volatility. Slippage cost refers
to the difference between the expected trade price and the actually executed price. In
the context of liquidity the costs of trade from the buyers perspective is the effective
execution price less the midpoint of corresponding bid and asks quotes and vice versa
from the seller perspective (Hasbrouck 2009). Campbell et al. (1997) consider three
cost based components of being a market maker: (i) administrative cost (ii) inventory
holding cost and (iii) financial risk cost. These costs justify a liquidity measure such
as the bid-ask spread. Since higher execution costs reduce returns these costs should
therefore theoretically be reflected in the price.
While modern portfolio theory claims that idiosyncratic risk can be diversified away
a wide range of studies point to the opposite. Several studies have been conducted in
order to examine the effects of idiosyncratic risk on asset returns. The Idiosyncratic
volatility puzzle, also known as a negative premium for idiosyncratic risk, refers to the
market anomaly that stocks with lower historical idiosyncratic volatility tend to have
higher future return than stocks with higher historical idiosyncratic volatility (Ang
et al., 2005). Stock with high idiosyncratic risk, on average, generate higher returns
than stocks with low idiosyncratic risk (e.g. Fu 2009).
In a study based on real portfolios constructed by practitioners, Domowitz et al.
(2000) show that idiosyncratic volatility in particular reduces the portfolios expected
return over time. They also show that higher volatility decreases the stock turnover
and therefore might mitigate transaction costs. The resulting inverse relationship
between stock turnover and trading, due to decreasing trading cost in recent years, may
be a suitable explanation for an increase in stock turnover. On one hand high illiquidity
with corresponding costs may be a reason for a trader to not trade a security too often.
On the other hand when the assets price is highly volatile, a trader may trade it more
frequently in order to profit from short time movements and price reversals.
1.2 Purpose
The purpose of this essay is to examine the relationship between idiosyncratic risk
and liquidity. In particular we are interested if liquidity has some explanatory power
on idiosyncratic risk. We collect data on European equities ranging from 1998 to 2013
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in order to examine if there is a liquidity - risk relationship in this sample . We also
investigate to what degree liquidity and idiosyncratic risk are associated with high
or low returns of variable constructed portfolios. By doing this we can control if the
individual variables are measuring their specific characteristics.
1.3 Limitations
The following study is mainly focused on the relationship between stock specific liq-
uidity and volatility. We are not directly investigating the effects and risk premium
of these characteristics on returns. Moreover this study is limited to three liquidity
proxies: Turnover, Amihud and Amivest, which are reflective liquidity measures ap-
proximated with monthly data. We refrain from cost based liquidity measures, such
as bid-ask spreads, as they usually require very high frequency data to work properly.
1.4 Outline
The paper is organized in the following way. In the first section we review relevant
theory regarding idiosyncratic risk and liquidity. In section two applied methodology is
introduced with focus on the Fama-French Three Factor Model and regressions similar
to the Fama-Macbeth method. In Section three we sort returns and form monthly
rebalanced portfolios in order to check for the effects of liquidity related variables.
The final sections of this thesis analyze and discuss our results and we then conclude
this paper with reflections and suggestions on further research. In the final pages
we presents some empirical results by Tables 2 - 6 which is followed by a list of the
companies included in our data sample.
This thesis is written and prepared with LATEXwordproccessing. Linear regressions
are done in EXCEL and forecasts of conditional variance, EGARCH(1,1) model in
EVIEWS. The rebalanced portfolios and graphs are produced in Matlab.
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2 Theory
This section introduces relevant underlining theory regarding or study on idiosyncratic
risk and liquidity. First we try and define the concept of liquidity, followed by a
presentation of the liquidity measures we apply to our research. Next the concept of
idiosyncratic risk is explained and we conclude by outlining a theoretical model which
connects liquidity with idiosyncratic risk.
2.1 Defining Liquidity
We would again like to note that liquidity is a complex concept. Having that said, it is
widely considered, that in general, there is “. . . is no single unambiguous, theoretically
correct or universally accepted definition of liquidity.” (Baker, 1996).
Generally it is possible to separate between two types of liquidity measurement:
“cost based” and “reflective” Hasbrouck (2009). While reflective liquidity refers to
specific stock-characteristics, such as volume, cost based liquidity tries to quantify
the liquidity-effects by measuring trading cost and financial losses occurred during a
transaction.
Amihud and Mendelson (1986) first apply monthly bid-ask spreads to measure
liquidity. Datar et al. (1998) use stock-returns over volume as a liquidity measure.
Amihud (2002) takes log of the average daily volume over the daily absolute return for
the calendar year as another liquidity measure. Hasbrouck (2009) introduces research
based on the intraday bid-ask spread as well other high frequency measurements.
Market participants classify an asset as liquid if it can be bought or sold, in large
quantities, without having any effect on its price as mentioned in the introductory
chapter. In this context liquidity is referred to as a part of transaction costs and more
liquid assets would then essentially be associated with non existing transaction costs
(Lybeck and Sarr 2002). While under perfect capital market assumptions transaction
costs are absent, in the real world however this is often not the case.
Because liquidity is an intangible concept and no true definition is yet accepted,
it can instead be explained by its characteristics. One might turn it around and
instead try and explain it by observing the beneficial properties of liquidity on financial
markets. Lybeck and Sarr (2002) discuss four such characteristics; (i) Tightness which
refers to low transaction costs i.e. the difference between buy and sell prices. (ii)
Immediacy is the speed with which orders can be executed and the efficiency of the
trading, clearing, and settlement in systems.(iii) Depth relates to a plentitude of orders
at any time around the assets price without effecting it. (iv) Resiliency is the markets
ability to run new orders rapidly, without altering quoted prices.
Furthermore the concept of liquidity can mean various things within financial mar-
kets. Again, referring to Lybeck and Sarr (2002), they discuss (i) The assets liquidity
(ii) An asset´s markets liquidity and (iii) Liquidity of financial institutions. For exam-
ple there are some assets that can be converted fast and with ease into cash without
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incurring any costs, and may therefore be considered highly liquid.
Also when large volumes of an asset can be sold off quickly at rational prices
without further notice the market within which the asset trades is considered to be
highly liquid.
2.2 Liquidity Measures
There are currently numerous way to measure liquidity as proposed by different studies
over the last two decades. Although we do not implement all of them, noting this is
a way to emphasize the complexity of the concept. One famous liquidity measure
as proposed by Amihud and Mendelson (1986) is the bid-ask spread. The spread in
terms of absolute terms or as a percentage is a common measures and is the difference
between bid (buy) and ask (sell) price of an asset. In their paper, Spiegel and Wang
(2005) for example look at Alpha, Gamma, the Gibbs Sampler, Amihud, Amivest to
mention a few.
To structure the concept of liquidity one may start by dividing these measures
into four categories as suggested by Lybeck and Sarr (2002). Liquidity can then be
measured by; (i) transaction cost which measure the cost of trading, (ii) volume that
measures breadth and depth, (iii) equilibrium prices to measure resiliency and (iv)
market-impact which measures resiliency.
As some of the mentioned measures require high frequency, and hard to obtain
data, we have restricted ourselves to three widely used proxies. This so that we
within our limited time-frame could produce results. After consideration we have
chosen, as proposed by Lybeck and Sarr (2002), three widely used measures; (i) The
Turnover Ratio (ii) The Amivest Liquidity Ratio and (iii) The Amihud Illiquidity
Ratio as approximated by monthly data.
2.2.1 Volume and Turnover
The volume based measures are primarily suitable and associated with breadth char-
acteristics where volume is the number of shares traded under a certain period of time.
This measure is however more meaningful when connecting it to the number of shares
outstanding for a specific asset. By doing this one can produce the liquidity measure
of the Turnover ratio which is superior to Volume as it allows for comparison among
assets (Benic and Franics, 2008). This gives an indication of what frequency shares
exchange hands, high or low. The Turnover ratio is given by
Turnoveri =
V
Si × Pi , (1)
where V is volume defined as the number of shares traded in a particular month, Si
is the number of shares outstanding, and Pi is the average trade price of the share.
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2.2.2 Firm Size
A widely used size based proxy for liquidity is market capitalization (Hasbrouck, 2005).
The total market value, or market cap, of a firm´s equity is defined as the market share
price times the number of shares outstanding (Berk DeMarzo 2010).
Sizei = Pi × Si, (2)
where Pi is the current stock price of firm i, and Si is the present number of shares
outstanding currently available on the market.
2.2.3 Amivest Liquidity Ratio
This liquidity measure, as proposed by Amihud (2002), determines the value of trading
measured in dollars that occurs with changes in the share price. It displays how well
assets absorb trading volume without this significantly impacting the price. If the
ratio is high, this implies that large quantities of trade have only small impact on the
share price. The Amivest Liquidity Ratio is given by
Amivesti,t =
Pi ×Qi
|rt| , (3)
where Pi is the price and Qi is quantity, rt is the return at time t, in terms of absolute
values. In order to get meaningful results with this measure we multiply it by 100.000
similar to previous studies.
2.2.4 Amihud Illiquidity Ratio
The Amihud illiquidity ratio, from the same paper can be interpreted as a reverse
liquidity measure or measure of illiquidity. In the original paper it measures how the
daily stock price reacts to one unit of trading volume measured in dollars. A higher
frequency in this case means that additional price change can be absorbed by the
asset. The Amihud illiquidity ratio is the reciprocal of Amivest and given by
Amihudi,t =
1
Aminvesti,t
. (4)
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2.3 Defining Idiosyncratic Risk
The Capital Asset Pricing Model (CAPM) of Sharpe (1964) and Lintner (1965) spec-
ifies a linear relationship between risk and excess return. In the context of CAPM,
idiosyncratic risk of any kind can then be eliminated by holding a well diversified
portfolio.
However empirical research on this subject also accounts for mixed results, which
are often discussed as the volatility puzzle. The idiosyncratic volatility puzzle refers
to the market anomaly that stocks with low past idiosyncratic volatility tend to have
higher future returns than stocks with high past idiosyncratic volatility (Ang et al.
2005).
Spiegel and Wang (2005) provide a brief overview about how to estimate idiosyn-
cratic risk. Theoretically risk is equal to the standard deviation of the returns inno-
vation beyond investors expected market return for that period and measured as the
standard deviation of the residuals on the Fama French Three Factor model. However
the model does not provide an empirical solution of how to measure investors’ expec-
tations. Nevertheless it is assumed that the Fama and MacBeth (1973) and Fama
and French (1992) models are frameworks widely used in order to explain the cross
sectional dimension of expected returns.
2.4 The Link Between Liquidity and Risk
In order to find a connection between liquidity and idiosyncratic risk we have examined
studies that also try and connect them. Spiegel and Subrahmanayam (1995) develop a
competitive equilibrium model which suggests that there is an inverse relation between
liquidity and idiosyncratic risk. Brunnermeier and Pedersen (2005) come to the similar
theoretical conclusion that a negative correlation should exist between idiosyncratic
risk and liquidity as measured by funding frictions. From these two studies we conclude
that there is a theoretical relationship between liquidity and risk.
The strategic inventory model as developed by Ho and Stoll (1980) and then re-
viewed by Spiegel and Wang (2005), try to explain the existence of a practical rela-
tionship . They start their analysis by assigning a role onto market makers to buy
and sell securities on demand. The market maker then starts of the day with ρ0 se-
curities and ends the day with a target ρ1 amount of shares. The payoff function of a
market maker is the sum of capital gains θ, less trading cost related to volatility, and
a quadratic function of the inventory difference δ(ρ1 − ρ2)2 where δ is the estimate
representing the deviation cost of holding suboptimal amount of shares at the end of
the day.
The result is a optimization problem with the profit function given by pi = θ−δ(ρ1−
ρ0)σ2. In the case of target costs from liquidity,δ(ρ1 − ρ0)σ2 ,exceeds capital gains, θ,
the market maker will be less willing to provide more liquidity to the market. Increase
in target costs leads to increase in risk aversion of the market maker. Variance is an
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element which influences the target cost, contains variances of individual securities
and is given by
σ2i = β2i,MKTσ2MKT + β2i,Fmσ2Fm + u2i , (5)
where βi,mkt is is the beta for market portfolio, σ2MKT is the market variance and
βi.Fmis the beta of chosen risk factor with variance σ2Fm. Idiosyncratic risk is then
defined as u2i .
The model can then be adjusted to include further risk factors such as the Fama
French factors. According to the model the market maker can hedge against all risk
factors except the idiosyncratic risk which implies that a target cost function, δ(ρ1 −
ρ0)u2i , depends on the isiosyncratic risk of a security. Assuming that δ is constant for
all securities then more idiosyncratic risk implies less liquidity in the asset.
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3 Methodology
The chapter introduces relevant methodology on which our research is based upon.
First our datasample is discussed and then the concepts of the CAPM, Fama French
Three Factor Model and a method similar to Fama MacBeth regressions are explained
more in detail. Furthermore we outline some criticism of and pitfalls with applied
methodology then. The methodology section is then concluded with a brief overview
on portfolio formation.
3.1 Data and Sample Selection
In order to examine volatility and liquidity of assets we have collected stock market
data using DataStream. Our sample contains monthly observations on 120 European
stocks over 178 periods from May 1998 until February 2013. We have selected the
Euro Stoxx Total Market Index (EUROSTOXX TMI) which is an index covering
almost 95% of the free market capitalization in Europe representing a wide range of
European companies. In order to achieve high variation in returns we have randomly
picked 40 stocks each from a small, mid and large capitalization sub index, which is
a size measure for company classification. A sampling selection process is done on
the companies within the index by assigning a random number generated with Excel
to each stock. The numbered stocks are sorted in descending order and the 40 first
are picked from each capitalization pool. The companies included in our sample are
presented in alphabetical order in the final pages.
In order to further conduct intended research the following asset specific variables
are gathered from DataStream: price quotes, turnover by volume, number of share
outstanding and price to book ratio. The stock price is the closing price available
from the appropriate market. Turnover by volume shows the number of shares traded
for a stock in a particular month. The number of shares in issue equals the number
of ordinary shares outstanding which are multiplied with the share price in order to
retrieve the market value for every company. For convenient purposes, turnover by
volume as well as number of shares in issue are noted in thousands. All three variables
mentioned above are adjusted for subsequent capital actions such as dividends and
issuence of new shares. For companies listed on several exchanges the default price
and turnover by volume are selected from the firm’s primary stock-exchange, which
usually is country dependent. Regarding stocks that do not have the following infor-
mation on the variables available are excluded from the sample. The risk free rate is
approximated by the one month US Treasury Bill which is common practice.
Furthermore when gathering and working with financial data, for a number of
statistical reasons, it is not ideal to work directly with raw price quotes (Brooks
2008). Because of this we convert monthly share price quotes into simple monthly
returns by
14
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Rt =
Pt − Pt−1
Pt
, (6)
where Rt is the return at time t. Pt and Pt−1 are the current and last period price
quotes respectively. In addition to beneficial statistical properties of working with
returns, returns are also unit free allowing for comparison between prices in different
currency’s.
3.2 CAPM and the Fama French Three Factor Model
Since CAPM is a one factor model, it may not hold for multiple periods. In fact
Campbell et al. (1997) show evidence that the one factor CAPM fails to explain in a
cross sectional dimension on expected returns. Fama and French (1992) argue that a
one factor models should instead be adjusted and expanded by a multifactor pricing
model. As a result a great deal of research has been made with the purpose of finding
further risk factors with further predictive capability on returns.
The following section describe the way these factors are constructed by Fama and
French as well as some criticism on their method. However in regards to the Fama
French Factors, it should be noted that we do not actually construct the factors
ourself for the use in our study, but rather we take already preconstructed factors.
The factors we work with are ready and available from the Kenneth French Web Page
and approximated for the US and European market alike.
As a well diversified investor should hold a global market portfolio the US factors
would probably be a appropriate proxy. However one could refer to the Equity Home
Bias puzzle which states that both individual and institutional investors often times
only hold shy amounts of foreign equity. The home bias phenomenon was first dis-
covered and documented by French and Poterba (1991). European equity could then
be viewed as home equity by European investors and therefore the preconstructed
European factors would be appropriate for us to work with.
3.2.1 Fama French Factors
According to Fama and French (1992) variables as book to market, high growth and
low growth stocks could be interpreted as proxies for financial distress and additional
risk which could further contribute to the explanatory power of CAPM. Consequently
higher returns for small or high book to market value companies are considered as
additional sources of idiosyncratic risk. When conducting the Fama French Method
one needs to construct these additional factors.
Rm−Rf , is the excess return of the market approximated by measuring the value-
weight return of all stocks listed on NASDAC, NYSE and AMEX and where the risk-
free rate is approximated by the one month US Treasury Bill. The Fama French Fac-
tors are then constructed using 6 value-weighted portfolios based on size and growth
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companies. The Small minus Big (SMB) factor represents long-short portfolios be-
tween small and big stock. This factor is designed to capture the risk exposure of
small companies and is constructed as
SMB = 13 (SmallValue + SmallNeutral + SmallGrowth)
−13 (BigValue + BigNeutral + BigGrowth) .
The High minus Low factor (HML) accounts for the spread between value and
growth stocks and is constructed as the average return on value weighted portfolios
where value is defined as the book to market ratio. It measures the historic excess
returns of small capitalization firms over big capitalization firms, and of value stocks
over growth stocks. The factor is constructed as
HML = 12 (SmallValue + BigValue)−
1
2 (SmallGrowth + BigGrowth)
Positive and significant coefficients on the Fama and French factors would then
imply further explanatory power of size and growth of the firm in terms of abnormal
returns.
3.2.2 Critique on the Fama French Model
Unfortunately, regardless of the additional explanatory power provided by more vari-
ables there is a wide critique aimed at the Fama and French factors. Campbell et al.
(1997) refer to data-snooping as a bias in statistical inference. The bias occurs when
information inducted from the data is used to direct the research of that same data.
This bias can be defined as data presentation that tends to produce research findings,
or results, where there should be none (Ioannidis, 2005). By data-snooping one could
find relationships which have really no significance.
Lo and MacKinlay (1990) show that the characteristic variables such as size and
book to market, are not chosen from theory but from the mean stock returns of related
data. The authors also show that the consequences of data-snooping can be critical.
However in practice it is almost impossible to avoid this bias due to the nature of
economic research.
Another problem, stressed by Campbell et al. (1997), is the sample selection bias
which can occur when some subsets of stock returns or outliers are excluded from the
sample. In fact researchers often attempt to get sound results and therefore exclude
the data which contradicts their conclusions. Being aware of potential problems of
selection bias we select the stocks randomly from the European index in an attempt
to minimize this problem.
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3.2.3 Cross Sectional Regressions and Tests
FamaMacBeth (1973) developed the asset pricing model which aims to determine asset
betas, risk premia and ultimately asset prices by explaining cross sectional variation
of stock returns. The model estimates the premium the market rewards for particular
beta exposure to the risk factor. The starting point of the model is the theory about
corresponding factors which drives asset returns.
Our data set consists of 178 periods with 120 excess returns each month. We
examine the relationship between liquidity and idiosyncratic risk and if liquidity, as
approximated by our measures, has some explanatory power on the risk. In order to
find out if this relationship exists methodology is conducted in a similar fashion to the
two step Fama Macbeth regression.
In the first step we extract the residuals and estimate idiosyncratic risk on every
stocks excess return by running Fama French regressions. The estimate of idiosyncratic
risk is then used as the dependent variable in univariate regressions with our proxies
of liquidity as independent variables. Finally we calculate statistical significance of
each factor by conducting simple t-test. We average corresponding factor loadings
and calculate standard errors for the terms. The average estimated beta coefficient is
given by
ˆ¯βj =
1
T
T∑
t=1
βˆjt, (7)
and the estimated beta variance by
σˆ(βˆj) =
1
T
1
T − 1
T∑
t=1
(βˆjt − ˆ¯βj)2, (8)
Finally the t statistic, or t-stat, is given by
tj =
βˆj
σˆ(βˆ)/
√
T
. (9)
where βˆjt is the estimated parameter, ˆ¯βj is the average of these estimated betas,
σˆ(βˆj) is the volatility of the estimated beta coefficient and
√
T is the square root of
the number of observations. The t-stat indicates if the average beta is significantly
different from zero. The underlying assumptions of the regressions are that the er-
rors are identically and independently distributed, IID, and are processed through a
intertemporal homoscedastic covariance matrix (Campbell et al., 1997). Howeverde-
spite its simplicity and effectiveness, this methodology encompasses some econometric
problems.
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3.2.4 Pitfalls with Fama MacBeth regressions
Error in Variables
The market betas are not observed and should therefore be estimated by time
series regression for each asset. The following single index model is applied
Ri,s = αi,t + βi,tRm,s + i,s, (10)
where Ri,t is the excess return on a risky asset at time t, Rm,t is the excess return on
the market portfolio and where s = t−s . . . , ts. The estimated beta from Equation (10)
is included in the model for the corresponding period. This may result in the error-
in-variable problem which can cause over-or underestimation of βi and overestimation
of other coefficients. Fortunately this is not applied to the following research since we
don’t use betas estimated in the first step for second step cross sectional regressions.
Heteroscedasticity and Autocorrelation
Because the variance of asset returns is not constant over time the error terms
may be serially correlated. Financial data often suffers from heteroscedasticity and
serial correlation, hence any statistical inference made by the OLS estimator could be
misleading.
Brooks (2008) suggest two ways to remove heteroscedasticity, by the generalized
least square GLS or weighted least squares WLS method. Both methods involve the
division of the regression equation by a constructed error variance variable. Autocorre-
lation in data is detected by using the Durbin-Watson test which test for a relationship
between an error term and it´s previous, or lagged, values. Autocorrelation is dealt
with by a GLS procedure as well or include lagged variables in the regression (See
Brooks 2008).
In the following research we don’t test the residuals of the Fama French Three
Factor Model for autocorrelation. Instead we perform a kind of robustness check
by estimating the idiosyncratic risk with a EGARCH (1,1) model which take het-
eroscedasticity and autocorrelation directly into account when estimating volatility of
mean equation residuals.
A True Marketportfolio is Unobservable
A market portfolio of all current existing assets is not observable and therefore it
is appropriate for a market proxy to be estimated. Roll and Ross (1994) prove that
a small deviation by the market-portfolio proxy from the true market portfolio may
cause large deviations in cross-sectional excess returns and betas. However, since it is
not possible to estimate the true the market portfolio this problem could be ignored
by assuming that a proxy for the market portfolio is representative enough.
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Conditional and Unconditional Betas
In the case that an unconditional beta is not significant and the unconditional
model is rejected one could test if a conditional model provides different results. As-
gharian and Hansson (2000) apply the bivariate GARCH (1,1) model to estimate time
varying beta and avoid error in variables problem. We estimate cross sectional betas
and test the significance of the average values. In the case of insignificance at 10%
level we refrain from making further assumptions on that coefficient.
3.3 Estimating Idiosyncratic Risk
As mention previously idiosyncratic risk is asset specific and therefore has to be cal-
culated separately for each and every company. According to theory, idiosyncratic
risk is the standard deviation of the residuals on CAPM regressions, which basically
is an Ordinary Least Squares (OLS) regression. However this model is static and fails
to capture the investors expectations and it also appears to encounter some econo-
metric problems such as homoscedasticity and autocorrelation. Therefore more recent
studies apply nonlinear models such as the Generalized Autoregressive Conditional
Heteroscedasticy or GARCH model.
We first retrive the residuals by OLS which are then used in order to estimate the
idiosyncratic risk. Then as a robustness check idiosyncratic risk is directly estimated
by an EGARCH(1,1) model as suggested by Spiegel and Wang (2005).
It should be noted that in order to be able to estimate idiosyncratic risk by the
residuals from the OLS regressions, one requires an estimation period. The first 30
months are therefore used to capture conditional variance with the help of a moving
average MA(30). Because of this we lose some information in the beginning of the
sample. This is however not necessary for the EGARCH(1,1) as it requires only one
in-sample period to forecast all out of sample conditional variance. When taking
squareroot of the forecasted variance this directly hands us the idiosyncratic risk
estimate.
3.3.1 OLS regressions
In order to estimate idiosyncratic risk for each security we apply Fama French OLS
regressions and the residuals from the regressions over time are collected by
Ri,t −Rft = α + βi,MKT,(RMKT −Rft) + βi,SMBSMBt + βi,HMLHMLt + ui,t, (11)
where ui,t are the regression residuals for each stock i in each period t.
In order to get the volatility of the residuals we run 120 time series regressions
for each stock, assuming constant Fama French Factors over the observation period.
The next step is to estimate the residual variance,uˆ2i,t, by a 30 moving average for
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each stock over a in-sample estimation period. As a result we obtain 148 30 month
moving averages and similarly to Spiegel and Wang (2005) we define the cross sectional
average estimate of idiosyncratic risk by
√√√√ 1
n− k
T∑
t=1
uˆ2i,t, (12)
where N is the number of observations over time, k is the number of estimated pa-
rameters and uˆ2i,t is the volatility of the residuals, and so Equation (12) is the estimate
of idiosyncratic risk by OLS.
3.3.2 EGARCH model
As mentioned before the estimation of idiosyncratic risk by OLS is static and can not
capture time variation in variance. Spiegel and Wang (2005) and Fu (2005) instead
show the superiority of estimating idiosyncratic risk with the family of GARCH mod-
els. GARCHmodels which estimate conditional volatilities, have a greater explanatory
power of cross sectional stock returns over the less flexible OLS estimates. Moreover
these kind of models better show the representation of investors’ expectations as they
are forward looking.
Furthermore, the Exponential GARCH model (EGARCH) which we base our es-
timates on, has several advantages over the original GARCH specification. Through
logarithm the estimated conditional variance by EGARCH becomes always positive,
and EGARCH is also able to capture this asymmetric relationship between risk and
return, defined as called the leverage effect (Brooks, 2008). The EGARCH model as
specified by Spiegel and Wang (2005) is given by
Ri,t −Rft = α + βi,MKT(RMKT −Rft) + βi,SMBSMBt + βi,HMLHMLt + ui,t, (13)
uit =
√
hit × vt, (14)
ln hi,t = ω¯i +
p∑
m=1
δi,m ln hi,t−m +
q∑
m=1
τi,n (|vt−n| − E |vt−n|+ ψivt−n) , (15)
where Equation (13) is the mean equation of the Fama and French Factor adjusted
CAPM equation. (15) is the conditional variance with ω¯i as unconditional mean, esti-
mated parameters δi,m, τi,n, and ψ which are responsible for non-negativity constraint
and asymmetric risk effects, and identically and independently distributed error terms
i,t with zero mean and unit variance. At each month, t, all former available data is
used to estimate the EGARCH model which then forecasts out of sample variance.
The square root of forecasted variance, given by Equation (15) is then our idiosyncratic
risk estimate.
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3.4 Constructing and Sorting Portfolis
We construct and sort portfolios in Matlab which are later used for empirical analysis
which is basically in the following manor. We have a matrix A of excess stock returns,
in time t with i number of stocks. We define another matrix B which contains cor-
responding excess stock returns for the same period. Next we index each stock and
each date and construct ten vectors of equally weighted average stock returns. These
are then sorted into 10% quintiles on variables of interest ranging from small to big
or high to low (1-10) of matrix B . The portfolios are dynamic in a sense that they
get rebalanced every month so as to get consistently accurate data inside during the
following periods.
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Variables Mean Median Std.dev
Risk (OLS) 0.0291 0.0769 0.0419
Risk (EGARCH) 0.0858 0.0776 0.0387
Amihud 14.4561 10.6821 60.6513
Amivest 1.5642 4.6444 3.4648
Turnover 0.2806 0.1229 0.3724
HML 0.0046 0.0047 0.0281
SMB 0.0011 0.0025 0.02387
Excess Returns (Sample) 0.0056 0.0062 0.1035
Excess Return (MKT) 0.0032 0.0069 0.0568
Size 531.102.783 18.901.341 16.764.522
Table 1: Descriptive statistics showing mean, median and standard deviation of id-
iosyncratic risk, the liquidity measures and the Fama French factors from our sample.
4 Empirical Results and Analysis
The empirical section is presented in the following way. Our results are summarized
in Table 1 by descriptive statistics of included variables. This is followed by an in-
troduction and comparison of the idiosyncratic risk estimates. Next results on the
Liquidity - Risk relationship, based on idiosyncratic risk estimates and our liquidity
measures, are presented and discussed. The empirical section concludes with an anal-
ysis of portfolios which are constructed on our variables, formed, sorted internally by
10% quintiles and updated every period.
Table 1 presents summary statistics for the variables used in this study. We ob-
served that the means of OLS and GARCH estimates for idiosyncratic risk are not
the same and also the mean and median within each estimate differ. The difference
between median and standard deviation are smaller and similar in comparison. The
reason behind this could be that idiosyncratic risk estimated by OLS used up the first
observations by the estimation period, while EGARCH requires only one insample pe-
riod to forecasts remaining entire out of sample for each stock. The average in sample
values of Amihud and Amivest are similar as those previously calculated by Hasbrouck
(2005). The average sample excess returns is higher than the average return on the
market portfolio as constructed by Fama and French, with a lower standard deviation.
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Figure 1: The graph depicts how GARCH and OLS estimated idiosyncratic risk varies
with time throughout the observed 178 months. The loss of information required for
OLS estimation explains why it starts after 30 months.
4.1 Comparing Risk Estimates
Figure 1 illustrates the cross sectional average idiosyncratic risk, as estimated by
OLS and EGARCH, and how the level of average firm specifik risk changes when we
observe fluctuations and patterns of economic development over the last fifteen years.
The beginning of our observation period is characterized by the Dot Com bubble and
indeed a risk peak is found at this time. This very short period of high risk in firms
is followed by a decrease in average idiosyncratic risk over the next six years. From
2007 and onwards we see a steady increase in idiosyncratic risk that culminates with
a high peak during 2009, in time with the financial crisis. This peak in 2009 is then
followed by a sharp decrease and the following 20 months look quite stable, but then
there is a second sudden jump in risk during 2011. However this second peak is almost
completely eliminated in just a few months and from there on we see a steady decrease
until the end of our observed time-frame. When concluding the comparison of risk
estimates, it should be noted that the EGARCH model is a lot more dynamic and
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adaptive than the smoother slope of the OLS moving average estimate.
4.2 The Liquidity - Risk Relationship
In order to determine if there is actually a relationship between idiosyncratic risk
and liquidity we run simple regressions on estimates of idiosyncratic risk with each
liquidity measure estimate as an explanatory variable. This would then indicate, if
significant, that liquidity has explanatory power on idiosyncratic risk. We test if
the coefficients are significant by first summing and averaging all liquidity betas and
then applying simple t-tests on the sample averages. The liquidity coefficients are
tested for significance at 1%, 5% and 10% level. This is done on the average of the
entire 178 period sample and on two sub samples which are basically the full sample
divided in half. As our data covers the last 15 years one could argue that the liquidity
risk relationship could vary, during times of steady versus more stressed economic
market conditions. We start by examining the results for the entire 178 months, then
individually two subsamples and finally we plot monthly liquidity betas to observe
how liquidity behaves over time . The subsamples are only prepared with EGARCH
estimated idiosyncratic risk as to much information is lost via the 30 month OLS
estimation period. The first subsample would then be less a volatile period as the
second subsample covers the financial crisis.
4.2.1 Entire Sample
Tabel 2 summarizes the results of liquidity regressed individually on estimated id-
iosyncratic risk. We observe a highly significant coefficient at 0.0673 for the Turnover
rate with an average R-squared of 0.033. This implies that in our sample, on average
Turnover can help to further explain 3.3% of idiosyncratic risk. The Amivest measure
is negatively correlated with idiosyncratic risk and is also highly significant, with a
coefficient of -0.0102 and average R-squared of 1.2%. The Amihud measure however
is not significant even at the 10% level.
Observing the statistics produced by EARCH estimated idiosyncratic risk one finds
very similar results. The Turnover and Amivest measures are still highly significant
with similar coefficients and R-squared as with OLS. Notable here is that the Amihud
measure is significant at the 5% level with a positive coefficient, however the R-squared
is fairly low.
4.2.2 Subsamples 1 and 2
Table 3 returns the results of the first subsample which starts on May 1998 and
ends September 2005. Results show that the Turnover and Amivest measures are
again highly significant for the sample during this period. The slope coefficients of
the significant measures are 0.0336 and 0.020 respectively with approximately 1%
R-squared on both. We conclude that they still have some explanatory power on
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idiosyncratic risk within the first subsample. The Amihud measure however is not
significant even at 10% and so we cannot make any statistical inference.
Table 3 also shows the results on the second subsample which starts on Octo-
ber 2005 and concludes in February 2013. We observe yet again a highly significant
Turnover rate in accordance with previous results. The impact of this liquidity mea-
sure on idiosyncratic risk is at its highest on this subsample with an coefficient of
0.0336 and a average R-squared of 6.5%. The Amivest and Amihud measures are sig-
nificant at 5% and 10% respectively in this sample, displaying a much lower R-squared
than Turnover.
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4.3 Time Varying Liquidity
Figure 2 presents the plotted betas of liquidity measures , Amivest and Turnover,
over time. It might be of interest to observe if, and how, these vary within observed
time-frame. The results would basically give a hint on if liquidity in equity is constant
,or if it alternates with changing market conditions.
Turnover gives an indication of what frequency, high or low, that shares exchange
hands and a higher rate implies more liquid assets. When looking at Turnover plotted
over time we see that from 2002 until 2006 it hoovers between 0.5 and 1.0 for the most
part of this period and looks quite steady. Moreover we observe a gradually increasing
Turnover rate over the next periods culminating in late 2009. This implies a very
high frequency in trades on this short period represented by the spike shooting up
during late 2009. This is then followed by a big and just as sharp crash indicating an
abrupt decline in assets being bought and sold. This is probably due to the financial
crisis now hitting Europe, European Countries and the firms therein. As a result the
market participants become less willing to buy and sell assets which is demonstrated by
the now lowered Turnover rate. Over the next periods following the crash Turnover
continues to decrease until it reaches very low levels in 2011. However from the
beginning of 2011 until current day there seems to be a positive upwards sloping
trend hinting at higher frequency in trades hinting and increasing liquidity.
The Amivest Liquidity Ratio determines the value of trading that occurs with
changes in asset price. It displays how well assets absorb trading volume without this
significantly impacting prices. If the ratio is high, this means that large quantities,
or high volume in trade, has very small impact on the asset price and this suggests
that the asset is highly liquid. This basically implies that illiquidity is an unwanted
attribute by the market and less liquid assets are priced in by higher expected returns.
We observe a negative Amivest ratio in the first 30 periods of our sample which is
followed by a relatively stable six year period with a zero ratio for the most part.
In 2008 the ratio increases imply that trading large volumes has smaller effect on
prices and by definition increasing liquidity. Then in 2009 the Amivest liquidity ratio
becomes negative which indicates that cost of trading goes up and liqudity goes down
for a short period. This is followed by an increasing positive ratio which stabilizes
around zero and finally our sample ends with a negative ratio again in 2012 before
settling around zero.
When observing the graphs the difference of the plotted betas on OLS or EGARCH
risk is clearly noticable, and even tough they present similar patterns the EGARCH
is more dynamic and always adapts faster to changing market conditions.
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Figure 2: Upper: Graph shows EGARCH and OLS estimates of Turnover, where the
average betas are plotted over time Lower: Graph shows EGARCH and OLS estimates
of Amivest, where the average of betas are plotted over time
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4.4 Portfolios
Empirical research on idiosyncratic risk is often combined with the common practice
of constructing portfolios. These portfolios include sample data and are sorted by
variables of interest such as size, book-to-market, risk and returns. According to Fama
and French (1992) the purpose of portfolio formation is to attain better estimates
and furthermore to control for the effects of the dependent variables. To check for
corresponding characteristics we form ten portfolios while controlling for size, book
to market, volume, Turnover, Amihud and Amivest, and idiosyncratic risk. Portfolios
are rebalanced monthly and sorted in an increasing order where 1 implies smallest
or lowest, and 10 then would be the biggest or highest. We end up with an average
return and standard deviation of all these montly rebalanced portfolios for which we
can check to what degree the corresponding parameters are associated with monthly
high or low returns.
Table 4 shows monthly average returns and standard deviation of portfolios sorted
sorted on Amihud, Amivest and idiosyncratic risk as estimated by OLS and EGARCH.
The results of the portfolios sorted on Amivest show a somewhat linear decreasing
relationship. The portfolios with higher Amivest ratio have in general lower returns.
The portfolios sorted on Amihud, which is the reciprocal of Amivest display reverse
results as expected with higher returns on high Amihud ratio portfolios. These results
are also in accordance with the research of Spiegel and Wang (2005). In order to
control for idiosyncratic risk we also formed portfolios sorted on idiosyncratic risk as
estimated by OLS and EGARCH from lowest to highest. As expected portfolios sorted
on idiosyncratic risk tend to have higher average returns and higher volatility in both
cases. The difference in returns of the EGARCH and OLS risk sorted portfolios is
greater in the higher risk portfolios than in the ones with low.
Table 5 shows the quintiles of liquidity proxies sorted on firm size from smallest to
largest which are constructed in a similar way as the portfolios in the table before. The
firms with higher market capitalization tend to have lower Amihud values and then by
definition have higher Amivest values. This would then imply that larger companies
have more liquid equity. Observing the results on Turnover and risk we find that
stocks of larger firms have higher Turnover again hinting that larger companies have
more liquid equity then the smaller firms. Finally looking at portfolios sorted on risk
we observe that the largest companies tend to have smaller idiosyncratic risk, however
the difference is rather small.
Table 6 presents the average monthly returns and standard deviation from going
long in portfolios formed on size, book to market, volume and Turnover. Portfolios
sorted on firm size tend to have highest returns around the middle but there is not any
clear pattern from small to big. Portfolios sorted on Book to Market display similar
results as the ones sorted on firm size, thus no real pattern can be observed. Same can
be said regarding portfolios sorted on volume, however there is a small tendency for
higher returns in lower volume stocks. Finally portfolios sorted on Turnover show a
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somewhat increasing mean and volatility of returns where stocks with higher turnover
tend to have higher average returns and volatility of returns.
Our constructed portfolios show that there is clearly some correlation between size
and liquidity. Smaller companies tend to be less liquid which could be explained by
the fact that small capitalization stocks tend to have fewer shares outstanding and
thus are less frequently traded on the market. This is supported by the fact that small
capitalization stocks are higher in Amihud and lower in Amivest.
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5 Conclusion
In this essay we examine the relationship between stock specific liquidity and idiosyn-
cratic risk on European equity between May 1998 and February 2013. This is not a
easy task as liquidity in equity is very difficult to define and measure in a precise way,
and therefore has to be approximated.
As liquidity proxies we have chosen the Amihud, Amivest and Turnover ratios
which are widely used liquidity measures. These are constructed in a similar fasion
to Hasbrouck (2005) and Spiegel and Wang (2005) with the help of monthly data.
Idiosyncratic risk is estimated by running Fama French Three Factor Model regressions
in EXCEL and by a EGARCH (1,1) model in EVIEWS.
The results of the study are fairly strong and reveal that there is indeed a link
between liquidity and idiosyncratic risk in our sample of European equity. In general,
the theoretical strategy inventory model of Ho and Stoll (1980) is validated in our
research. The liquidity proxies have a significant impact on idiosyncratic risk estimated
with EGARCH throughout the entire sample period. Higher illiquidity, measured
by the Amihud variable, is related to higher idiosyncratic risk and higher liquidity,
measured by the Amivest, is negatively correlated with idiosyncratic risk. However
higher stock Turnover which is also a proxy for high liquidity is positively correlated
to more stock specific risk. One reason behind these mixed results could be that stock
Turnover and the Ami-variables are measuring different types of liquidity. This is
somehow ambiguous according to the research of Spiegel and Wang (2005).
In order to examine the liquidity risk relationship over time we divided the complete
sample in two pools, one from May 1998 to September 2005 and the other one from
November 2005 to February 2013. The Amihud measure becomes insignificant for
the first pool and weakly significant in the second pool, while Turnover and Amivest
measures are significant for all individual samples. When looking at the measurement
for goodness of fit in the regression, R-squared, one can observe that Turnover has the
largest statistical and economical impact on idiosyncratic risk. However for the whole
sample and second subsample Amihud has the largest coefficient implying largest
economic impact on stock specific volatility.
When examining returns and standard deviations of equally weighted portfolios
constructed on liquidity proxies we see that high liquidity portfolios tend to have
lower returns and standard deviations based on Amihud and Amivest. However high
Turnover portfolios show high returns and standard deviations which supports ro-
bustness of the regression results. Furthermore when examining portfolios sorted on
idiosyncratic risk in an increasing order of risk, return is observed which is in line
with classical CAPM theory. On the portfolios sorted by liquidity proxies based on
company size we observe that smaller companies tend to be less liquid whereas bigger
companies tend to have higher turnover. Through the sorting of idiosyncratic risk
based on size, the bigger companies tend to be less risky while the companies with low
market capitalization are riskier. The sorted portfolios returns and liquidity proxies
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also confirm the existence of the small firm effect of Stoll and Whaley (1983) and
Schultz (1983) in our sample.
As mentioned before our results are also in line with Spiegel and Wang (2005)
although the research design is somehwhat different. First the univariate regressions
and sorted portfolios show that stock returns are increasing in Amihud, Turnover
and Idiosyncratic risk, and decreasing in Amivest. Second, the Idiosyncratic risk is
positively correlated with liquidity measures. However the liquidity measures Turnover
and Amivest, which according to previous research, should have different effects on
idiosyncratic risk show the same direction of effect. This is an indicator of that
Turnover and Amivest measures different kinds of liquidity. Third, the economic
effect of idiosyncratic risk on average stock returns of portfolios is higher than the
economic effects of liquidity.
The results of the univariate regressions also somewhat support the theoretical
model of Spiegel and Subrahmanyam (1995), that liquidity is negatively correlated to
idiosyncratic risk for the Amivest liquidity measure. Results of the sorted portfolios
show a contradiction to the idiosyncratic volatility puzzle, which states that stock with
lower firm specific risk tend to have higher returns (Ang et.al 2005). Our conclusion
though that high idiosyncratic risk on average generates higher returns is similar to
that of Fu (2009).
Moreover with the portfolio sorting method as well with the cross sectional re-
gressions we could deliver similar results as Acharya and Pedersen (2005) which find
negative correlation between liquidity and higher expected returns. However the ro-
bustness of our result is not examined through time series regressions of a liquidity
adjusted CAPM.
The returns of our sorted portfolios are somehow contradicting the study of Do-
mowitz et al. (2000) which find that idiosyncratic risk reduces the portfolios expected
return over time. However the data of Domowitz et al. (2000) is not capturing the
turbulent times after dot com bubble.
Regardless of the similarities we find with studies, we have to be critical towards
our own results, primarily because of all the complex concept of liquidity and the all
different ways it is measured. This could be one of the reasons behind our somewhat
ambiguous results. Furthermore most studies and articles that we have come across
build on daily or intraday data. As our study is conducted with monthly data, it is
probably best not to generalize the results. Moreover in our model setup we could not
investigate any causality in the link between stock specific liquidity and volatility.
An idea for further research is to examine if the results hold for other assets classes
like returns on for example fixed income securities and options. Furthermore one
can estimate the residuals with an rolling OLS with time varying liquidity estimates
and examine the robustness of the results by exploring other data sets. Also more
superior and sophisticated liquidity measures, proxies such as the Gibbs sampler,
Kyle’s lambda, and intraday high frequency proxies as bid-ask spreads are available
to further study the relationship of liquidity and idiosyncratic risk.
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Entire Sample
Measure Turnover Amihud Amivest
Risk OLS Risk EGARCH Risk OLS EGARCH Risk OLS EGARCH
Average βˆ 0.0673*** 0.0756*** -0.2606 0.4454** -0.0102*** -0.0151***
t-stat [12.21] [14.22] [14.22] [1.97] [-3.53] [-4.70]
Average R2 0.033 0.039 0.007 0.006 0.012 0.01
Table 2: Idiosyncratic risk is estimated as the volatility of the residuals from the Fama-
French Three Factor model and as forecasted conditional volatility from EGARCH
(1,1). OSL represents the idiosyncratic risk from the OLS regressions and EGARCH
the conditional forecasted variance with the GARCH model. Turnover, Amihud and
Amivest represent our liquidity measures. The table shows the average slope coeffi-
cients of the liquidity measures when regressed on idiosyncratic risk with corresponding
averagre R-squared and t-statistics in brackets. *, **, and *** is significance at 10%,
5% and 1% respectively.
Subsample 1
Measure Risk EGARCH
Turnover Amihud Amivest
Average βˆ 0.0336*** 0.0259 -0.02**
t-stat [7.88] [0.53] [-4.08]
Average R2 0.013 0.005 0.009
Subsample 2
Measure Risk EGARCH
Turnover Amihud Amivest
Average βˆ 0.1176*** 0.8647* -0.01***
t-stat [15.81] [1.94] [-2.44]
Average R2 0.065 0.006 0.012
Table 3: Idiosyncratic risk is estimated as the volatility of the residuals from the Fama-
French Three Factor model and as forecasted conditional volatility from EGARCH
(1,1). OSL represents the idiosyncratic risk from the OLS regressions and EGARCH
the conditional forecasted variance with the GARCH model. Turnover, Amihud and
Amivest represent our liquidity measures. The table shows the average slope coeffi-
cients of the liquidity measures when regressed on idiosyncratic risk with corresponding
averagre R-squared and t-statistics in brackets. *, **, and *** is significance at 10%,
5% and 1% respectively.
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Companies
ABB ’R’ EBRO FOODS INGENICO RIO TINTO
ABERDEEN ASSET MAN. EIFFAGE JERONIMO MARTINS ROCHE HOLDING
ABERTIS INFRAESTRUCTURAS ELECTROLUX ’B’ KBC GROUP RSA INSURANCE GROUP
ACCIONA EMS-CHEMIE ’N’ KPN KON SAINSBURY (J)
ACCOR ENDESA KUEHNE+NAGEL INTL, SANOFI
ADECCO ’R’ ENI LADBROKES SCANIA ’B’
AIR FRANCE-KLM ERICSSON ’B’ LLOYDS BANKING GROUP SCHNEIDER ELECTRIC
ASTRAZENECA EURAZEO L’OREAL SCHRODERS
AXA FIAT LVMH SEVERN TRENT
BANCA POPOLARE DI MILANO FINMECCANICA MAPFRE SMITHS GROUP
BANCO ESPIRITO SANTO FLUGHAFEN ZURICH MEGGITT SPIRAX-SARCO
BANCO SANTANDER FONCIERE DES REGIONS METSO STANDARD CHARTERED
BANQUE CANTON,VE, ’N’ GAM HOLDING MODERN TIMES GP,MTG ’B’ TATE & LYLE
BARCLAYS GAS NATURAL SDG NATIONAL GRID TELE2 ’B’
BARRATT DEVELOPMENTS GBL NEW NESTLE ’R’ TELEFONICA
BBV,ARGENTARIA GECINA NORDEA BANK TESCO
BG GROUP GKN NORSK HYDRO THALES
BNP PARIBAS GREAT PORTLAND ESTATES NOVARTIS ’R’ TOTAL
BOUYGUES HALMA NOVO NORDISK ’B’ UBS ’R’
BP HAYS OC OERLIKON UCB
BRITISH AMERICAN TOBACCO HEINEKEN OMV UNILEVER (UK)
BUNZL HEINEKEN HLDG, PARGESA ’B’ UNILEVER CERTS,
CASINO GUICHARD-P HELVETIA HOLDING N PEUGEOT WARTSILA
COCA-COLA HLC,BT, HENNES & MAURITZ ’B’ PIRELLI VERBUND
COLRUYT HERMES INTL, PRUDENTIAL VICTREX
CRODA INTERNATIONAL HEXAGON ’B’ RANDSTAD HOLDING VIENNA INSURANCE GROUP A
DAILY MAIL ’A’ HSBC HDG, RECKITT BENCKISER GROUP WILLIAM DEMANT HLDG,
DANONE ICADE REMY COINTREAU VODAFONE GROUP
DASSAULT SYSTEMES IMERYS REXAM ZARDOYA OTIS
DIAGEO INCHCAPE RICHEMONT ZURICH INSURANCE GROUP
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